The vulnerability to floods in Africa has increased over the last decades, together with a modification of land cover as urbanized areas are increasing, agricultural practices are changing, and deforestation is increasing. Rainfall-runoff models that properly represent land use change and hydrologic response should be useful for the development of water management and mitigation plans. Although some studies have applied rainfall-runoff models in West Africa for flood modelling, there is still a need to develop such models, while many data are available and have not still been used for modelling improvement. The Ndiba catchment (16.2 km 2 ), which is located in an agricultural area in south Senegal, is such catchment, where a lot of hydro-climatic data has been collected between 1983 and 1992. Twenty-eight flood events have been extracted and modelled by two event-based rainfall-runoff models that are based on the Soil Conservation Service (SCS) or the Green-Ampt (GA) models for runoff, both coupled with the distributed Lag and Route (LR) for routing. Both models were able to reproduce the flood events after calibration, but they had to account for that the infiltration processes are highly dependent on the tillage of the soils and the growing of the crops during the rainy season, which made the initialization of the event-based models difficult. The most influent parameters for both models (the maximal water storage capacity for SCS, the hydraulic conductivity at saturation for Green-Ampt) were mostly related to the development stage of the vegetation, described by a Normalized Difference Vegetation Index (NDVI) anomaly. The SCS model performed finally better than the Green-Ampt model, because Green-Ampt was very sensitive to the variability of the hydraulic conductivity at saturation. The variability of the parameters of the models highlights the complexity of this kind of cultivated catchment, with highly non stationary conditions. The models could be improved by a better knowledge of the tillage practices, and a better integration of these practices in the parameters predictors.
Introduction
The vulnerability to floods in Africa has increased over the last decades, in terms of human fatalities and economic losses [1] , while in most of African countries, flood warning and prevision systems are not existent [2] . Consequently, there is a need for a better knowledge of these events and to improve rainfall-runoff models that could be used in the development of prevision systems. However, up to now, only a few studies have applied rainfall-runoff models in West Africa for flood modelling (e.g., [3, 4] ) or the analysis of the hydrological processes in small catchments less than some tenth or hundreds of squared kilometers [5, 6] . In West Africa, flood prediction usually derive from synthetic guidelines [7] or regional studies [8] [9] [10] . But, such works are now ancient and could be revisited or developed, while many data are available in West Africa and have not still been used for modelling improvement.
The small agricultural area Thysse Kaymor is one of these catchments that have not been the object of modelling studies at the catchment scale, despite that many hydro-climatic data have been collected. Five nested catchments have been monitored during the period 1982-1992, including rainfall, runoff, and water content and hydrodynamic properties of the soils. The role of the agriculture on the runoff was clearly shown by [11] , who claimed that the runoff conditions are first high before the tillage, and then reduce along the rainy season due to the growth of the crops. They also found that the Normalized Difference Vegetation Index (NDVI) could be a good predictor of the runoff conditions. However, modelling was only performed at the plot scale [12] , and not at the catchment scale.
The aim of this study is to assess the skill of two well-known event-based models-the Soil Conservation Service (SCS) model and the Green-Ampt (GA) model in reproducing the flood processes in a semi-arid agricultural catchment of Senegal. To understand the behavior of a watershed during a specific rainfall episode, event-based models are often preferred over continuous models since they require less input data [13] and they possibly reduce the complexity of the hydrological processes. However, the event-based models need to set the initial condition for each event, and to relate this condition to an external predictor [14, 15] . Therefore, an event-based model must not only be assessed from its skill to reproduce the floods, but also from the goodness of the relationship between the initial condition of the model and the external predictor, which is linked with. The latter part is often neglected, whereas it is the most important. This dual calibration of an event-based model is addressed in this paper, focusing on the relationship of the initial condition and external predictor, such as antecedent precipitation, event-rainfall characteristics, or satellite-derived normalized difference vegetation index (NDVI) to represent the vegetation stage.
Study Area and Data Collection
This study was conducted using data and catchment description from hydrological campaign reports done between 1983 and 1990 by two institutions (Office de la Recherche Scientifique et Technique Outre-Mer (now IRD) and the Institut Sénégalais de Recherche Agricole) in the Thysse Kaymor area.
Ndiba Catchment
The Ndiba catchment (16.2 km 2 ) is situated in the rural community of Thysse Kaymor, in the Sine Saloum region in southern Senegal (Figure 1 ). The elevations range between 13 and 45 m, and the slope is about 1%. The Ndiba catchment is mostly (over 50%) cultivated (millet and groundnut), and the other parts are bush areas [16] .
The Ndiba catchment, as most of the Thysse Kaymor's region, is characterized by sandy soils at the surface, but the proportion of clay increases with depth especially between 0.6 and 1.5 m depth [17] . The soil porosity was assumed to decrease with the depth between 0.31 and 0.25 cm 3 ·cm −3 [18] : these values were obtained from experimental measurements of both water content θ and head pressure h at depths 10, 20, 30, 40, 60, 80, 100, 120, 140, 160 cm, in two sites, with either artificial rainfall or Müntz experiment; when the soil saturation was not reached, the water content at saturation was extrapolated from the experimental points (h,θ). The hydraulic conductivities at saturation ranged between 10 and 50 mm·h −1 , depending on the type of tillage (perpendicular or parallel to the slope) and the cumulative rainfall since the last tillage [19] ; the results were obtained from 48 infiltration tests that were performed by a disk infiltrometer, each test for a different site within an 900 m 2 area; the potential storage of water in these areas was estimated to 170 mm in the first 170 cm. During the first rainfall events at the beginning of the wet season, before tillage, the runoff coefficients are usually high since the soils are almost bare due to animal grazing and soil crusting. Then, the runoff coefficient tends to decrease gradually as the amount of vegetation increase during the growing season [11, 20] . 
Rainfall and Runoff Data
Ndiba rainfalls were continuously registered from seven rain gauges (Precis-Mecanique with tipping buckets, surface 400 cm 2 , graphical recording with daily rotation) in and around the catchment (Figure 1 ). The mean rainfall for the catchment during the period 1983-1990 was 612.5 mm, and years 1983 and 1984 were particularly dry, as the annual rainfall was less than 500 mm. These years were characterized by a severe drought that affected West Africa since the 1970's. The rainy season occurred during summer months, the maximal rainfall generally occurred in August and its mean value is 183 mm.
Gauging information was available at the hydrometric station of Ndiba (altitude = 13 m). The water levels were continuously recorded by a mechanical OTT 10 stream gauge, between 1983 and 1990. Sixty-four gauging have been performed between 1985 and 1988, up to the water level 160 cm, corresponding to a discharge of 58 m 3 ·s −1 . Those gauging were correctly located around a unique and reliable rating curve. Rainfall and runoff data for Ndiba catchment were extracted from the SIEREM database (http://www.hydrosciences.fr/sierem/) for the period 1983-1990, with a 5-min time interval. Twenty-eight rainfall-runoff events were selected for the study, and were delimited by periods of 48 h when rain intensity did not exceed 1 mm·h −1 ; in addition, the events were definitely selected if the maximal rainfall amount was more than 10 mm and the peak flow more than 1 m·s −1 . Table 1 shows their main characteristics. The durations of the events ranged from 0.5 to 14.25 h. The rainfall intensity was generally important at the beginning of the precipitations and decreased along the event. The peak flows ranged from 1.06 to 56.7 m 3 ·s −1 at the outlet of Ndiba catchment. The runoff coefficients ranged from 0.01 to 0.58. Three events had a maximal discharge that was higher than 50 m 3 ·s −1 : these events were the first floods occurring at the beginning of the rainy season, and had the highest runoff coefficient (cf. Table 1 ).
Initial Soil Moisture Predictor
Event-based models predictions often depend on the initial moisture condition of the catchment [13] , which should be assessed by measurements, or, in our case, reliable predictors. The base flow at the beginning of an event can be used as a predictor of initial moisture conditions in humid climates, but not in most of Sahelian small catchments because there is no flow before the floods. Other predictors are commonly used to define soil moisture conditions, such as the Antecedent Precipitation Index (API), which is given by [21] :
where P j is the rainfall occurring the day j and API j−1 the index of the previous day. It is multiplied by k, which is a factor that has to be calibrated. The API is computed from daily measurements that were available at the rain gauges.
Normalized Difference Vegetation Index
For cultivated catchments, the growth of the vegetation often induces a non-stationarity of the hydrological behavior of the catchment, and consequently, of the model parameters [22, 23] . Such variability requires to be related to a reliable descriptor of the growth of the vegetation. The Normalized Differential Vegetation Index (NDVI) was used here as a proxy to monitor the seasonal evolution of vegetation, as shown by [11] . The NDVI daily time series have been retrieved from the NASA's land long term data record (LTDR) project (available online at: https://ltdr.modaps. eosdis.nasa.gov), which aims to produce a global set of data at a 0.05 • spatial resolution, which were collected from AVHRR and MODIS instruments for climate studies [24] . The algorithms used to derive the Normalized Differential Vegetation Index (NDVI) from daily surface reflectance are described in [25, 26] . The whole database processing is detailed in [24] .
The temporal evolution for the years 1983 to 1988 of NDVI over the Ndiba catchment indicates a very close annual cycle with the maximum vegetation development during the summer (Figure 2 ). 
Rainfall-Runoff Modelling
The models were performed within the Atelier Hydrologique Spatialisé (ATHYS) modelling platform, which was developed at the Hydrosciences Montpellier laboratory [27, 28] . ATHYS brings together a large set of distributed models within a consistent and easy-to-use environment, including processing of hydrometeorological and geographical data. ATHYS is an open software, which can be downloaded for Windows or Linux (www.athys-soft.org).
The distributed models operated over a grid mesh of regular squared cells. The basic information was brought by a Digital Elevation Model (DEM), which supplied elevation, slope, upstream area, and flowpath for each cell. Here, we used the Advanced Spaceborne Thermal Emission and Reflection Parameter (ASTER) DEM, projected to a UTM horizontal resolution of 30 m. Then, the rainfall was interpolated over the grid cells via the inverse distance interpolation method, at every time step, here 5 min. The runoff models (here, SCS and Green-Ampt) operated thus with 30 m cell size and 5 min time step. Each cell produced a cell-hydrograph at the outlet of the catchment, depending on the runoff model and the routing model (here, the distributed lag and route model). The complete flood hydrograph at the outlet of the catchment was finally obtained as the sum of the cell-hydrographs.
SCS Runoff Model
The United States Soil Conservation Service developed an empirical model to estimate runoff losses [29] . To date, the SCS method is one of the most popular runoff models, and it was the object of many improvements as well in the formulation of the model as in the interpretation of its parameters (see [30] for a review).
Although it was first designed to relate the cumulated runoff and rainfall at the event scale, it is possible to integrate time into this model to predict infiltration rates [31, 32] . The SCS model that is considered here gives the instantaneous runoff at any time of the event [32] :
where P e (t) is the effective rainfall at time t, P b (t) the precipitation at time t, P(t) the cumulative rainfall since the beginning of the event. S is the maximal water storage capacity at the beginning of the event.
The runoff coefficient is expressed by the quantity that multiplies P b (t), in the second member of the previous equation; it increases with the cumulative rainfall and tends to 1 when the cumulative rainfall tends to infinity. To consider that the runoff coefficient decreases during periods when no rain occurs, a linear decrease of the cumulated rainfall was considered through a discharge coefficient ds [T −1 ] [13, 33] :
The parameters of the model are S and ds. The S parameter directly controls the main flood peak and volume, while ds contributes to adjust the different flood peaks and volumes resulting from successive rainfalls within a given event. Note that the ds parameter emulates some kind of variable infiltration rate, which depends on the cumulated rainfall P(t). The S and ds parameters were considered to be constant over the catchment, so that the distribution only concerned the rainfall interpolated for each cell.
Green-Ampt Model
Green-Ampt model [34] is based on physical measurable parameters and describes a hortonian process of water infiltration. The infiltration capacity f (t) is expressed by the following equation:
where
As for the SCS runoff model, the GA parameters were considered to be constant over the catchment, although the land use and the soil types were probably not homogeneous over the catchment. The parameters were thus considered as averaged values over the catchment, in order to be coherent with sparse data about the soil properties.
Routing Model
SCS and Green-Ampt models were coupled to a lag and route model at the cell scale, to produce a cell-hydrograph at the outlet of the catchment, calculated by:
where This model, available in ATHYS, was already used by [33] . It simply enables the Unit Hydrograph theory, by using the impulse response function:
The routing time T m was calculated from the length l k and the flux velocity V k of each k-cell between the m-cell and the outlet of the catchment. The lag time K m was assumed to be linearly dependent of the routing time T m : K m = K 0 ·T m . In the following, the velocity V k was considered as the same for all of the cells: V k = V 0 , and K 0 as a constant of the catchment.
The routing time T m and lag time K m induced an actual distribution of the travel times of the runoff over the catchment: the farther from the outlet the cell m is, the larger the routing time and the lag time are. As mentioned above, the complete flood hydrograph at the outlet of the catchment was obtained by the sum of all the cell-hydrographs.
The complete models were denoted after either SCS-LR or SCS, and GA-LR or Green-Ampt.
Model Calibration
SCS-LR and GA-LR models parameters were either preset from field measurements or empirical/physical consideration, or calibrated using the BLUE (Best Linear Unbiased Estimator) method. In this latter case, the objective consists of minimizing the cost function, J(x) in order to obtain the optimal values of the variables that are stored in a control vector, x [35] :
The control vector x, size n, contains the set of n variables to be optimized, i.e., the model parameters; x b is the background vector of size n, which contains the a priori values of the control vector variables. y • is a vector of size p, which contains the p observations to be considered. H is the observation operator, i.e., the rainfall-runoff model, and supplies the predicted runoff. B (size n × n) and R (size p × p) are the error covariance matrices, respectively, associated to the background, x b , and the observations, y o . The cost function J(x) thus quantifies both the distance between the control vector, x, and the background, x b , and the distance between the runoff predicted by the model and the observed runoff, y • , weighted, respectively, by the error covariance matrices B and R. The smaller the covariance in B is, the closer to the background the control vector is; the smaller the covariance in R is, the closer to the observation the output of the model is.
As a gradient method, the BLUE method allows for a quick computation of the optimized parameters. The parameters were in our case considered as independent (null covariance) and a large variance was considered in the B matrix, in order that the parameters would be low related with the background. This made that the cost function J(x) was actually equivalent to any form of quadratic error between the predicted and observed runoff.
For sake of simplicity, the efficiency of the model was also expressed by the Nash-Sutcliffe coefficient NS:
where X i and Y i are the observed and simulated discharges for i-time steps, and Y the mean value of the observed discharges during the event. The closer NS is from 1, the better the correlation between the observed and simulated discharges.
Results

SCS-Model Calibration
Estimation of the SCS-Model Parameters
As said above, the SCS-LR parameters were either preset from field measurements or empirical/methodological consideration, or calibrated by using the BLUE method. The ds parameter was set in order to remove the small floods due to secondary rainfalls, which were not seen in the observed data. A convenient value ds = 8 d −1 was kept as a constant for all of the events. The parameters V 0 and K 0 were found to be strongly dependent, so the K 0 parameter was empirically set as K 0 = 0.75 for all of the events.
Then, a simultaneous calibration of S and V 0 parameters was realized by using the BLUE method for each event. For the 28 selected events, NS values ranged from 0.30 to 0.99 (median = 0.87), showing for most events a good agreement between observed and calibrated discharges. S parameter values ranged from 15.2 to 175.2 mm (median = 92 mm) and V 0 from 0.85 m·s −1 to 5.8 m·s −1 (median = 1.68 m·s −1 ), Table 2 . No correlation could be found between the velocity V 0 and other event feature, such as peak flow and initial water content. The variation of the velocity might be mainly due to uncertainties in time of the recording mechanical gauges. Such uncertainty can reach some tenth of minutes, and due to the short response time of the catchment, can impact the V 0 value a lot.
Relation between S and Antecedent Moisture Indicator
The calibrated values of S for SCS-model for all of the flood events were compared with the previous soil moisture indicator described before (API). For this model, the relation S-API was significant, although weak (R 2 = 0.38, P Fisher < 1%), but exhibited an opposite correlation to what could be expected (Figure 3) . The maximal capacity of retention was indeed supposed to decrease with increased wetness conditions. For example, in a small mountainous Mediterranean catchment, [13] found a negative correlation between S and API, with a Pearson correlation coefficient r = −0.68). But, in the Ndiba catchment, the wetter the soil initially was, the lesser the runoff was. It was probably due because the classical role of the water content before the flood should be here a secondary factor, and that other phenomena would play a major role in the hydrological response of the catchment. It was clear that the tillage of the soil indeed modified a lot the runoff: for example, the highest runoff, consequently, a small S, was obtained for the first floods of the rainy season, consequently, a low API, when no tillage has been made. But, as we had no data about the tillage practices during the rainy season, it was not possible to precisely quantify the role of the tillage on the runoff. 
Relation between S and NDVI
As pointed out by [11] , the Sahelian agricultural catchments are prone to highly non stationary conditions due to the tillage of the soils and the growth of the plants. The calibrated values of S were then related to the NDVI index, which was associated to the development of the vegetation. A significant, but weak (R 2 = 0.29, P Fisher < 1%), correlation was found again, which denoted the role of the vegetation in the increase of the maximal water storage capacity of the soil when the plants grow. Note that API and NDVI were dependent, since a linear relationship could be drawn between both indexes, with R 2 = 0.47, when considering the values that are corresponding to our 28 events data base. Thus, the positive correlation between the calibrated S values and API would be an artefact due to the development of the vegetation.
Relation between S and Rainfall Depth
The calibrated S parameter of SCS-model was also correlated with the rainfall depth. As shown in Figure 3 , S tended to increase with rainfall depth giving almost a linear relation between S and rainfall depth (R 2 = 0.48, P Fisher < 1%). The relation between rainfall depth and the S parameter was not expected whilst using the SCS-model; but, some studies (among other [36, 37] ) showed a relation between the CN curve number (consequently S) and the rainfall depth, for high infiltration sandy soils: CN decreases (consequently S increases) with rainfall depth. A possible explanation was given by [38] , who claimed that higher rainfall depths increase the flooded part of the soil, and that water rises up to the plants bottom and infiltrates more than in the crusted soil.
Green-Ampt Model Calibration
An alternative model set-up was considered, with the Green-Ampt model for infiltration. As for the SCS model, the Green-Ampt parameters were either preset or calibrated by the BLUE method. A mean constant value of the soil moisture at saturation state was applied, θ s = 0.30 cm 3 cm −3 , according the field measurements [18] . The initial soil moisture value at the beginning of an event was considered empirically as a linear function of the API index: θ i = API/2000; the initial water content thus ranged between 0.02 and 0.22 cm 3 ·cm −3 . A suction value of 75 mm was applied, which corresponds to a mean value found in literature for the sandy loam soils [39] . The K 0 parameter was set as K 0 = 0.75, the same value than for SCS-LR.
Then, simultaneous calibration of hydraulic conductivity K s and velocity V 0 was performed by using the BLUE method. The median NS coefficient was 0.88. The median calibrated K s value was 31.8 mm·h −1 , which looked in agreement with the values measured in the catchment [19] . However, the calibrated K s values varied widely between 1 and more than 60 mm·h −1 at the event scale. The median calibrated V 0 was 1.34 m·s −1 .
Seasonal Evolution of the K s Parameter Linked with NDVI Anomalies
The calibrated values of the K s parameter were correlated with the NDVI anomalies (R 2 = 0.44, P Fisher < 1%, Figure 4 ). This result indicates that the variation that was observed through the year in hydraulic conductivity was partly driven by the evolution of vegetation growth during the rainy season, as pointed out by [11] . This hydrologic behaviour can thus be reproduced by the Green Ampt model with varying infiltration rates during the wet season, according to the NDVI anomalies. Note that the Green-Ampt model scored better than the SCS model, when considering the relationship with NDVI and the main variable parameter of each model: S for SCS and K s for Green-Ampt. 
Predictive Scores of the Models
The actual goodness of the models was expressed by the predictive scores, i.e., the NS values that were obtained with the predicted values of S (for SCS) or K s (for Green-Ampt). The NS values of the 28 events were sorted by descendant order for each model, using the different relationships that were considered as significant ( Figure 5 ): S-NDVI and S-P for SCS, K s -NDVI for GA. The best predictive scores were achieved for SCS when using the S-P relationship (median NS = 0.33), whereas Green-Ampt when using the K s -NDVI relationship offered the worst predictive score (media NS = −0.21); SCS scored better when using NDVI (median NS = 0.08), although the R 2 was higher for K s -NDVI than for S-NDVI. This result is due to the fact that GA is very sensitive to K s , whereas the sensitivity of SCS with S is less. So, SCS globally scored better than Green-Ampt, in terms of predictive scores. However, using a predictor of S, like the rainfall amount, is not appropriate for applications, such as flood forecasting, because the rainfall amount is not known at the moment of the forecast. In this case, it would be preferable to use SCS with the NDVI predictor for S.
The predictive scores of the model, however, remained rather low. It could be because the calibrations of the models were not optimal: maybe it would be worth to consider that some other parameters had to vary from an event to another (e.g., ds or Ψ); or, because the models were not enough appropriate for this kind of catchment; but we think that the low predictive scores were mostly due because we had not information about the dates and the kind of tillage. Ndiaye et al. [19] showed indeed that tillage had a significant effect on runoff, depending on the type (along or across the slope), and that the effect of the tillage disappeared after nearly 170 mm of cumulated rainfall since the date of tillage. Although vegetation growth should be clearly conditioned by tillage, the NDVI index was probably not efficient enough to restore accurately the tillage practices during the rainy season. We suggest first searching in this direction for improving the models. 
Conclusions
The goal of this study was to evaluate the efficiency of event-based rainfall-runoff model, such as SCS-LR or GA-LR for flood prediction in a small catchment that is located in south Senegal. Twenty-eight flood events were chosen to compare the efficiency of both event-based models.
The application of the SCS-model was found satisfactory to reproduce the observed discharges after calibration of its parameters. However, the initial condition of the model could not be predicted as usual, in relation with the water content of the soil at the beginning of the event. The API index, derived from the antecedent rainfalls, was positively correlated with the S parameter, whereas the SCS model usually considers that the correlation should be negative. The S values were also correlated to the NDVI during the event. That is in agreement with the role of the growth of the plants, which induces highly non-stationary conditions for the hydrological response of the catchment, as noted by various authors, and the initial soil moisture conditions should be a secondary factor. The S values were also related to the cumulated rainfall of the event, which finally appeared as the best predictor for S.
The Green-Ampt model results indicated its adequacy to reproduce the flood events in the catchment. As for the SCS-CN model, the correlation of the model parameters with antecedent precipitation was positive, whereas it was expected to be negative. However, a significant correlation between the hydraulic conductivities (K s ) for each event and the normalized difference vegetation index was observed, highlighting the influence of vegetation cover on soil infiltration properties. The Green-Ampt parameters were in agreement with the measured, e.g., hydraulic conductivity at saturation, or estimated values. But, Green-Ampt finally scored less than SCS, because a high sensitivity to the K s parameter.
At this point, however, the predictive scores of the models are still low when considering the NS values that were obtained with the best predicted values of S or K s . The main reason seems to be that the tillage practices are not actually taken into account in the models, nor in the predictors (e.g., NDVI) of the parameters of the models. This seems to be the main point to study for the improvement of the predictive scores of the models. In addition, added value could be brought by considering the whole nested set of catchments in Thysse Kaymor.
To conclude, it is worth noting the interest of such existing large data sets dating from the 80's, even before, Thysse Kaymor being an example among other. As these data are still underemployed for modeling benchmark and hydrological processes understanding, they could fill a gap concerning flood predicting in West Africa (e.g., T-years return period flood), and bring more confidence in designing small hydraulic works in small (ponding areas, culverts) as well as large (dams, bridges) catchments.
